The purpose of this study is to determine the diagnostic accuracy of MRI-based high-dimensional pattern classification in differentiating between patients with Alzheimer's disease (AD), Frontotemporal Dementia (FTD), and healthy controls, on an individual patient basis. MRI scans of 37 patients with AD and 37 age-matched cognitively normal elderly individuals, as well as 12 patients with FTD and 12 agematched cognitively normal elderly individuals, were analyzed using voxel-based analysis and high-dimensional pattern classification. Diagnostic sensitivity and specificity of spatial patterns of regional brain atrophy found to be characteristic of AD and FTD were determined via cross-validation and via split-sample methods. Complex spatial patterns of relatively reduced brain volumes were identified, including temporal, orbitofrontal, parietal and cingulate regions, which were predominantly characteristic of either AD or FTD. These patterns provided 100% diagnostic accuracy, when used to separate AD or FTD from healthy controls. The ability to correctly distinguish AD from FTD averaged 84.3%. All estimates of diagnostic accuracy were determined via cross-validation. In conclusion, ADand FTD-specific patterns of brain atrophy can be detected with high accuracy using high-dimensional pattern classification of MRI scans obtained in a typical clinical setting.
Introduction
The increasing prevalence of dementia associated with the steady increase in life expectancy has sparked the interest in developing sensitive and specific imaging methods for detecting Alzheimer's disease (AD) pathology and reliably distinguishing it from other age related neurodegenerative dementias. Structural MRI has the potential to both aid diagnosis and provide objective surrogate markers of effects of pharmacological interventions designed to slow or halt the neurodegenerative process. Advanced image analysis methodologies have also been described in the literature, aiming to quantify structural characteristics of healthy individuals and patients with AD or FTD (Thompson et al., 2001; Resnick et al., 2003; Fox and Schott, 2004; Grossman et al., 2004; Chang et al., 2005; Likeman et al., 2005; Short et al., 2005; Barnes et al., 2006) .
The accurate distinction between AD and FTD is especially challenging since there is considerable overlap in both the clinical symptoms and the cognitive domains impaired (Hodges et al., 2004) . FDG PET provides information on regional metabolic impairment (Foster et al., 2007) that is helpful but often the pattern or the degree of impairment is not definitive enough to permit a confident clinical diagnosis, especially with respect to differentiating AD from the frontal dementias. Moreover, it would be beneficial to derive diagnostic tools based on MRI, instead of FDG-PET. In general, only 75 to 85% of patients who fulfill neuropathological criteria for one of the frontotemporal neurodegenerative dementing illnesses will have had a diagnosis of FTD prior to death (Knopman et al., 2005; Forman et al., 2006) The proportion of patients with a clinical diagnosis of FTD whose diagnosis is confirmed at autopsy may be even lower (Varma et al., 2002) .
The majority of morphometric MRI studies in dementia have focused on patients with AD and have relied on measurement of specific brain region volumes (Chetelat, 2003; Nestor et al., 2004; Csernansky et al., 2005) , especially the hippocampus and the entorhinal cortex, as these regions are affected during the earliest symptomatic stage of AD (Braak et al., 1998) . Voxel-based morphometry has also been used to evaluate voxel-by-voxel brain changes in healthy aging (Resnick et al., 2003) , AD (Ashburner et al., 2003) , and FTD (Rosen et al., 2002; Grossman et al., 2004; Whitewell et al., 2005) . These studies have confirmed patterns of atrophy that predominantly involve medial temporal lobe structures in subjects with mild cognitive impairment and patients with AD, and frontal and temporal regions in patients with FTD or AD, albeit the fronto-temporal atrophy in AD is part of a more widespread pattern of atrophy. They have reinforced the value of MRI as a potential surrogate marker of disease when examining overall differences between groups with and without pathology. However, the diagnostic value of voxel-by-voxel evaluation of image data is limited, since the sensitivity and specificity is inadequate for prediction of the status of an individual subject. Some studies have used conventional multivariate data reduction and classification methods on PET-FDG imaging data of FTD patients with very promising results (Higdon et al., 2004) . However differential diagnosis between FTD and AD based on structural, rather than functional, scans is a greater challenge. The development of sophisticated high-dimensional image analysis and classification methods in the field of computational neuroanatomy during the past decade can potentially help overcome this challenge (Golland et al., 2002; Lao et al., 2004; Csernansky et al., 2005; Davatzikos et al., 2005 Davatzikos et al., , 2006 Fan et al., 2008; Lerch et al., 2008; Vemuri et al., 2008) .
To explore the advantage of this strategy, we conducted a crosssectional study to determine if high-dimensional image analysis and pattern classification methods could be used to correctly identify individual patients with AD and FTD with high enough sensitivity and specificity to be clinically useful.
Methods

Subjects
MRI scans were obtained from 37 patients with probable AD and 12 patients with a diagnosis of FTD based on standardized clinical criteria (McKhann et al., 1984 (McKhann et al., , 2001 ). Patients received a standard evaluation in the Penn Memory Center as part of their enrollment in the University of Pennsylvania Alzheimer's Center clinical cohort. Each subject's diagnosis was established after presentation and review at a consensus conference. The 12 patients in the FTD group included 8 whose prominent symptoms at onset were in the area of behavior and executive function impairment, 3 who presented with language impairments (two with primary progressive aphasia and one with a semantic dementia). One patient had a clinical diagnosis of cortico-basilar subtype of FTD (a tauopathy). These numbers are much too small to justify any attempts to correlate the subclasses with the regional atrophy patterns, therefore all FTD patients were grouped together for the purposes of our analysis. All participants provided Institutional Review Board (IRB) approved informed consent.
At the time of imaging the average age of the AD patients was 76.1 and their mean duration of symptoms was 4 years. Their average Mini-Mental State score was 21.5. The average age of the FTD patients was 67.0 and their mean duration of symptoms was 4.2 years. Their average Mini-Mental State score was 20.9. Demographic and clinical information is presented in Table 1 . Because the FTD patients were younger than AD patients, age-and sex-matched cognitively normal (CN) individuals were, separately selected for the AD and FTD groups. All CN subjects were participants in the Baltimore Longitudinal Study of Aging neuroimaging substudy (Resnick et al., 2000) . They were free of central nervous system disorders, severe cardiovascular disease, and metastatic cancer (Resnick et al., 2003) . For the purposes of investigating potential age effects in the group comparisons between AD and FTD, we also formed a subgroup including the 12 younger AD patients whose age range was matched to the FTD patients (average age 69.3).
MR imaging and image analysis protocol
MR scanning was performed in the out-patient clinical radiology facilities of the Hospital of the University of Pennsylvania and the Johns Hopkins University Hospital on 1.5 T Siemens and GE scanners using 3D gradient echo and 3D SPGR, respectively, T 1 -weighted sequences that provided adequate discrimination between gray matter (GM), white matter (WM), and cerebrospinal fluid (CSF) for computer-based tissue segmentation. Voxel dimensions were 0.9 × 0.9 × 1.5 mm.
Images were processes according to image analysis methods that have been previously described (Goldszal et al., 1998; Davatzikos et al., 2001; Resnick et al., 2001) . Briefly, images were first preprocessed to segment the cerebral hemispheres into GM and WM (Goldszal et al., 1998) . To compare structural patterns across individuals, each segmented image was spatially transformed into a common coordinate system, often called stereotactic space, and the spatial distribution of GM and WM was quantified by the RAVENS maps, whose value at a given brain location measures the amount of GM and WM in the vicinity of that spatial location. Relatively reduced RAVENS value in a brain region reflects relative brain atrophy in that region, and vice-versa. Therefore, RAVENS maps offer a way to perform regional volumetrics on an unbiased, voxel-byvoxel basis, and without the need to make a priori selections of regions of interest (ROI) that may not optimally capture the spatial distribution of brain atrophy.
Feature selection
In preparation for classification described in the following section, a number of features were selected from different brain regions. These features were derived by performing region-by-region principal component analysis at two different scales; the large-scale PCA examined a neighborhood of size 12 mm × 12 mm × 12 mm around each voxel, and the localized scale considered a neighborhood 6 mm × 6 mm × 6 mm around each voxel. 3 GM principal components from the larger scale and 1 from the localized scale were maintained as features representing the neighborhood around a voxel; similarly for WM, thereby leading to 8 features per brain region. Only voxels displaying the largest effect sizes between RAVENS maps of two groups being separated contributed to this feature extraction process; this is equivalent to selecting locally maximal values of the t-statistic, since the latter is a scaled version of the effect size, as we had equal sample sizes in any two groups under comparison. In order to avoid selecting nearby voxels, which would lead to redundant features that are likely to reduce classification performance, once a region around a voxel was selected to contribute PCA features to the classifier, it was completely removed from subsequent analysis. Therefore, a number of brain regions distributed throughout the brain ended up contributing features that were used by the classifier to understand spatial patterns of brain atrophy. A total of 200 features from 25 brain regions were used to represent the pattern of GM and WM distribution throughout the brain.
Pattern analysis and classification
Patterns of the spatial distribution of GM and WM volumes were then examined via a pattern classification technique akin to the one in (Fan et al., 2005) , and patterns specific to AD and FTD determined. The features obtained from the RAVENS maps, as described in the previous section, were used to build a highdimensional nonlinear classifier for each dementia type (AD and FTD) using nonlinear support vector machines (SVM), which produced an abnormality score: positive values indicating a structural pattern resembling disease, whereas negative values indicate brain structure associated with unimpaired individuals. Leave-one-out cross-validation was used to test the predictive power of this analysis and construct Receiver Operating Characteristic (ROC) curves that summarize the diagnostic value. In the leave-one-out cross-validation analysis, the scan of one pair of agematched participants was put aside, and the classifier was constructed from the scans of all other individuals. This classifier was then applied to the scans of the left-out pair of individuals, thereby providing a score that was then validated against the clinical diagnosis. This procedure was repeated for all individuals. A key difference of the classifier used herein from the one used in (Fan et al., 2007) is that in our current study, the SVM kernel size was automatically estimated separately for each individual to be the kernel that yielded the maximum classifier response, i.e. the maximum absolute value of the decision function. Intuitively, this allows the classifier to find the parameter range for which it "best recognizes" the spatial pattern of atrophy presented to it.
In addition, the ability of the classifier to correctly distinguish AD and control MRIs was evaluated by performing a series of ten (10) random splits of the entire set of images from these two groups. In each of the ten repetitions, the classifier was constructed from the first (training) subgroup, and then tested on the second (testing) subgroup. A third classifier was constructed, to separate AD from FTD. Leave-one-out cross-validation was also used for this classifier. Split-sample analysis was not possible as the sample size was not sufficient. However, for the experiments involving AD vs. FTD classification, the leave-one-out procedure was repeated 10 times, each time randomly selecting 12 of the 37 AD patients to be compared against the 12 FTD images.
Results
Spatial pattern of AD-and FTD-specific abnormalities Fig. 1 shows representative cross-sections of the effect size maps measured for the subtractions CN minus FTD, CN-AD. Fig. 2 shows the difference FTD-AD for all patients (left two columns) and the age-matched FTD and AD patients (right two columns). In general, AD patients displayed the greatest degree of atrophy, relative to their CNs, especially in temporal, frontal (particularly orbitofrontal), and parietal cortical regions, as well as in the cingulate and the insular cortex. FTD patients showed a somewhat similar pattern of atrophy, albeit of slightly smaller magnitude, relative to their own CNs. Atrophy in the FTD patients was relatively more pronounced in the frontal and temporal regions, whereas AD patients displayed relatively more diffuse atrophy throughout the brain, including the parietal cortex. Direct statistical comparison between FTD and AD patients showed that orbitofrontal, temporal, and parietal regions had relatively larger volumes in FTD patients. Areas overlapping the thalamus and the caudate are not considered in our discussion, since tissue segmentation in those regions is not reliable, using T1-weighted images. When restricted to the younger AD patient subgroup that was age-matched to the FTD patients, direct comparison between FTD and AD showed a very similar pattern of regional volumetric differences, albeit of lower magnitude. The only brain regions in which AD patients had larger GM volumes were in white matter areas of the template, where most spatially normalized images have no grey matter; these regions were ignored, since they are artifacts of residual inter-individual variations after spatial normalization.
Since literature reports on asymmetry in FTD are somewhat contradictory with respect to right-left asymmetries, we investigated whether asymmetries can be seen in the spatial distribution of GM and WM in FTD. Fig. 3 shows the GM and WM effect size maps of CN minus FTD. The WM effect size maps (Fig. 3, top) indicated a small asymmetry in the frontal lobe, with the right hemisphere having greater WM atrophy than the left hemisphere. The opposite asymmetry was found in the temporal lobe, where greater GM atrophy was observed in the left hemisphere (Fig. 3,  bottom) . The black arrows in Fig. 3 roughly point to the regions of these asymmetries.
Diagnostic accuracy
Diagnostic accuracy was determined using cross-validation and split sample experiments, as described in the Methods. ROCs were generated by varying the threshold of abnormality score needed to assign a new scan to the control vs. patient category, or to AD vs. FTD. Since the diagnostic accuracies of the classifiers comparing the AD patients with their CNs, and the FTD patients with their own CNs was 100% (sensitivity and specificity equal to 100%), the respective ROCs were step-like (ideal) and had area under the The differentiation between AD and FTD was much more challenging, as one would expect, in part because of certain commonalities between the underlying patterns of atrophy, and in part because of the limited sample size of the FTD patients. The mean accuracy of the 10 leave-one-out repetitions and their standard deviation was 84.3 ± 4.6%. In order to create a single ROC curve from these 10 repetitions, we averaged the sensitivity and specificity of all 10 trials for each level of the threshold of the abnormality score produced by the classifier. (Varying this threshold allows one to move along the ROC, by changing sensitivity and specificity.) The resultant ROC is shown in Fig. 4 .
Since there is no healthy control group in this experiment, we adopted the convention that sensitivity reflects the percent of FTD patients that were correctly classified as FTD against a background group of AD, and specificity reflects the percent of AD patients correctly classified as AD. Since the number of misclassified scans was small, we didn't draw any more specific conclusions as to which patients tended to get misclassified; a larger sample is probably necessary to perform a more systematic analysis of the false classifications.
In order to better understand the structural differences between FTD and AD, we placed 3 local ROIs (boxes of size 12 mm × 12 mm × 12 mm) on the three clusters that seemed to provide most of the discriminating power: right entorhinal cortex, left and right orbitofrontal cortex. By summing the values of the tissue density maps in those ROIs, we obtained an estimate of their volumes. Fig. 5 shows different scatter plots of these local volumetric measurements. Fig. 2 . Effect sizes of the difference FTD-AD GM RAVENS maps. The two rows show two different sections through the brain highlighting fronto-temporal (top) and parietal (bottom) regions of reduced volumes. The two left columns are from all AD patients, whereas the right two columns are from relatively younger AD patients that were age-matched to the FTD patients. Images are in Radiology convention. Fig. 3 . Representative cross-sections of effect size maps showing regional volume differences between CN and FTD patients in regions displaying some inter-hemispheric asymmetry (arrows). Top: white matter. Bottom: gray matter. Some degree of left N right atrophy in the temporal lobe, and right N left atrophy in some frontal lobe areas is evident, albeit it is relatively small. Images in Radiology convention. 
Region of interest (ROI) and voxel-based analysis
We compared the discrimination power of our pattern analysis approach with relatively more conventional ways of obtaining MRIbased diagnosis, i.e. by measuring the volumes of various ROIs. Brain and ventricles were obtained form the automated segmentation of the MRI into GM, WM and CSF; a ventricular mask is drawn according to standard procedures in our lab to discriminate segmented sulcal CSF from ventricular CSF. Hippocampal volume was determined via previously published and validated atlas warping (Shen and Davatzikos, 2002 ). Fig. 6 shows a representative scatter plot of volumetric measurements from the hippocampus and the total brain volume, which are commonly used in the neuroimaging of AD literature. Although significant group differences exist between AD patients and their controls, individual patient diagnosis is difficult based on such ROI measurements. To further test individual classification accuracy, we used hippocampal, ventricular, and total brain volumes in a multivariate Fisher's discriminant analysis, using leave-one-out cross-validation and obtained the following classification rates: 82.4% for AD vs. their controls, 75% for FTD vs. their controls, and 70.9% for FTD vs. AD.
Discussion
Although several studies have established group differences, to our knowledge, the current study is the first to demonstrate that the spatial pattern of MRI-derived brain atrophy in AD and FTD can be used to achieve 100% diagnostic accuracy against healthy controls, on an individual patient basis. Our study adds to recent evidence that high-dimensional multi-variate discriminants can achieve better diagnostic accuracy than conventional measurements. In particular, a recent study using cortical thickness (Lerch et al., 2008) showed very promising results in terms of differentiating AD from normal controls using cortical thickness. (It is not possible to directly compare our findings with the findings in (Lerch et al., 2008) , because (Lerch et al., 2008 )reported a large number of possible discriminants, each including different brain regions, and therefore was not fully cross-validated with respect to the regions selected in the multi-variate analysis, whereas our approach selected the optimal brain regions in a fully automated and cross-validated framework.) Two other recent studies using regional volumetric measurements and high-dimensional pattern classification on larger samples also showed good separation between AD and normal controls (94% in (Davatzikos et al., 2006, epub) and 86% in (Vemuri et al., 2008) ), and an earlier study performed by our group showed separation around 90% between individuals with mild cognitive impairment and normal controls (Davatzikos et al., 2006, epub) .
Although there was a clear separation between demented groups and their controls, as the 100% classification accuracy indicates, this doesn't imply that an individual admitted in the clinic for examination can be diagnosed with 100% accuracy. This is because we investigated two-group classification problems, i.e. we know that we can distinguish the MRI of a demented individual from a cognitively normal control, however more studies are necessary to construct classifiers that achieve high diagnostic accuracy in a multi-class classification setting as would be required for differential diagnosis among dementia subtypes.
The spatial patterns of distribution of brain tissue that allowed us to accurately detect demented individuals with structural phenotypes specific to AD and FTD involved several structures that are known to be implicated in the two types of dementia examined herein, and included many areas of the temporal and frontal lobes, as well as the parietal lobes and medial structures. The spatial patterns of atrophy found in our study are in agreement with measurements that have been made using histopathology (Braak et al., 1998) , albeit they indicate that our patients had relatively widespread atrophy, likely reflecting a relatively advanced stage of disease. The patterns of atrophy determined via our regional volumetric analysis are only partially in agreement with recent findings in (Du et al., 2007) who used cortical thickness as a biomarker. The differences might be methodological, since we didn't measure cortical thickness in the current study. However the spatial patterns of atrophy in (Du et al., 2007) indicate relative sparing of orbitofrontal and much of the temporal cortex, compared to parietal or even occipital cortex, which is very puzzling and might reflect interesting characteristics of cortical thickness, as opposed to cortical volumetrics.
Although several studies examining cross-sectional and longitudinal effects in volumes of brain regions have shown significant group differences between AD or FTD and their respective healthy controls (DeLeon et al., 1991; Cuenod et al., 1993; Golomb et al., 1993; Killiany et al., 1993; Lehericy et al., 1994; Laakso et al., 1995; Frisoni et al., 1996; Convit et al., 1997; deToledo-Morrell et al., 1997; Jack et al., 1997; Krasuski et al., 1998; Bobinski et al., 1999; Jack et al., 1999; Killiany et al., 2000; Laakso et al., 2000; Xu et al., 2000; De Santi et al., 2001; Dickerson et al., 2001; Du et al., 2001; Rosen et al., 2003; Stoub et al., 2005) , the ability to detect structural patterns that enable accurate prediction for specific individuals is ultimately what determines the clinical value of MRI and measurements obtained from it. Our results further confirmed that evaluation of an extensive and optimally determined set of brain regions, which collectively form a spatial pattern of brain atrophy, is necessary and sufficient to obtain high diagnostic accuracy. Measurements restricted to volumes of the hippocampus, ventricles, and brain volume, commonly used in the neuroimaging of AD literature, provided considerably lower predictive accuracy. Lower accuracy was observed even when these measures were evaluated jointly, due to the high overlap of the volume distributions between patients and controls, especially for the FTD group (Fisher's discriminant classification results reported in the Results section and Fig. 6 ).
The diagnostic accuracy in distinguishing AD from FTD was clearly lower than diagnosis of dementia against healthy controls. This was anticipated for several reasons. First, structural differences between CN and demented individuals are much larger than those between the FTD and AD groups. Second, a single MRI structural scan provides relatively limited information regarding the dynamic pattern of brain atrophy in these diseases. Since FTD and AD share common characteristics of structural brain change, their differentiation is a challenging task. Finally, this study examined a relatively limited sample size of FTD patients. Learning subtle and complex spatial patterns of brain atrophy typically requires a much larger sample size. Therefore, we believe that future, more extensive studies on larger patient groups will allow these pattern recognition methods to better differentiate between the two types of dementia. Moreover, adding functional imaging, especially PET-FDG, data to the classifier should be expected to significantly increase diagnostic accuracy, as recent studies have demonstrated that even visual rating of PET-FDG can yield up to 89.6% diagnostic accuracy in FTD (Foster et al., 2007) . Fig. 6 . Scatterplot of the hippocampal volume against the total brain volume (without the cerebellum and brain stem), for FTD, AD, and their respective cognitively normal controls. These measures are commonly used in AD. Although group differences between both demented groups and their controls are measured, especially for the AD group, individual classification in insufficient using these measures, due to the overlap of the scattergrams.
A recent study utilizing similar methods based on support vector machines also obtained good diagnostic accuracy between FTD and AD (Kloppel et al., 2008, epub) . The results of the two papers both indicate that very good individual classification can be achieved via high-dimensional pattern classification. The two studies had some differences. The current study reports higher classification rates between demented and normal individuals, compared to the study of (Kloppel et al., 2008, epub) . The latter study reported better differentiation between the AD and FTD patients, possibly due to the larger sample size which is known to be important in highdimensional pattern classification studies. Moreover, the demented populations in (Kloppel et al., 2008, epub) were a mixture of clinically and pathologically-defined AD and FTD, as opposed to the strictly clinical definitions adopted in the current study. However, both papers suggest that advanced analysis of MRI scans using machine learning methods can yield diagnostic tools of high sensitivity and specificity. A notable difference between the two papers is that (Kloppel et al., 2008, epub) found that FTD patients had relatively higher atrophy in most fronto-temporal regions, whereas our results indicate that AD patients were more atrophic everywhere. This suggests that larger studies with more power and perhaps more homogeneous patient groups are necessary to better characterize the spatial patterns of atrophy in these patient populations.
The regions that carried most information for discrimination between FTD and AD were in the orbitofrontal GM, and in the entorhinal cortex. Both of these regions are known to be affected in AD; thus, it is not surprising that FTD patients had relatively larger volumes in those regions. However, only the degree of atrophy in the right entorhinal cortex was important for discrimination between FTD and AD. This is in agreement with the trend for asymmetry observed in Fig. 3 . Thus, in an individual patient, the finding of asymmetrical atrophy in this location may prove helpful in distinguishing between these two neuropathological conditions. However, these results should only be considered as trends, since we didn't apply statistical tests for asymmetry by subtracting left from right on a voxel-by-voxel basis. Such tests are not reliable in voxelbased analysis, because asymmetries of the brain used as template don't allow us to directly compare voxel coordinates that are symmetric to the midline of the brain; more sophisticated methods are necessary for rigorous quantification of asymmetries on a voxelby-voxel basis. Moreover, we note that such asymmetric atrophy might, in part, relate to unavoidable biases in patient selection, since FTD patients presenting with left temporal lobe atrophy are potentially more likely to present to the clinic earlier with language problems. Finally, asymmetry results might be affected by the pooling of different FTD subtypes, and therefore should be examined in greater detail in future studies that are better powered.
Although both patient groups were age-matched with their respective control groups, FTD patients were younger than AD patients. Therefore, some of their group differences are explained in part by age. However, examination of an age-matched subgroup of the AD patients revealed similar spatial patterns of regional volumetric differences, albeit of lower magnitude. Therefore, these group differences cannot be explained by age only. Moreover, this age difference parallels the typical clinical situation where the challenge to the clinician is the discrimination of FTD and AD. The main goal of this study is to determine whether a single structural MRI can assist in differentiating between FTD and AD dementias in a typical clinical setting. Since FTD patients present to the clinic at relatively younger ages, this fact must be built into a diagnostic tool, as was done in this study.
A persistent problem in high-dimensional analysis, which is particularly prevalent in pattern classification methods, is the risk for overfitting the data, due to the high-dimensionality of the models. The current study guarded against such over-fitting by applying leave-one-out and many split-sample cross-validation steps. This ensured that the classifier was always tested on new datasets, i.e. datasets not previously used for building the classification model. This suggests that these results are likely to generalize well to new patient populations.
The results of this study, as well as results of related studies (Davatzikos et al., 2006, epub; Fan et al., 2008; Vemuri et al., 2008; Kloppel et al., 2008, epub) , bolster our confidence that the methodology adopted herein can considerably assist in the diagnosis of and differentiation between dementias.
